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Fig. 1- Location of rain-gauge and meteorological stations in the study area
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Category Variable Symbol Time Scale  Source

Hydrology River Discharge Q Daily Hydrometric Station
Climate Precipitation P Daily Rain Gauge Station
Climate Mean Temperature Jnean Daily Meteorological Station
Climate Potential Evapotranspiration PET Daily Calculated

Climate Antecedent Precipitation Index API Daily Derived

Land Cover Normalized Difference Vegetation Index NDVI ~ Monthly Landsat

Urban Development  Normalized Difference Built-up Index NDBI  Monthly Landsat

Topography Elevation DEM Constant Digital Elevation Model

Table 2- Characteristics of the remote sensing, topographic, and human development data used in
the study content_copy
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Google Earth Extraction of land use and
Lalngat 778 Engine (GEE) 30m 2000-2023 land cover (LULC) indices
NDVI (Normalized . . .
Difference Vegetation Derived from 30m 2000-2023 Monltorlpg vegetation cover
Landsat dynamics and variations
Index)
NDBI (Normalized Derived from Tracking urban expansion
Difference Built-up 30 m 2000-2023 and impervious surface
Landsat
Index) growth
.. . Extraction of watershed
DEM (Digital Elevation SRTM / ASTER 30 m Static topographic and
Model) .
morphometric features
Population / GHSL GHSL/ Quantifying anthropogenic
(Global Human Statistical Variable Multi-year pressure and urban
Settlement Layer) Center of Iran development
topographic, and human development data used in Table 2- , ouswl) ol L gl
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Flowchart of the research )bl
methodology and analytical framework.
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Fig. 2- Flowchart of the research methodology and analytical framework.
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Table 4- Results of trend analysis (Mann-
Kendall) and change-point detection (Pettitt)
in the Kan watershed
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Table 3-Descriptive statistics of daily precipitation at Sangan station and daily discharge at Solgan
station during the study period|

Statistical Metric

Precipitation (Sangan) [mm]

Discharge (Solegan) [m3/s]

Mean
Median
Standard Deviation (Std. Dev.)
Minimum
Maximum
Coefficient of Variation (CV)

221
0.88
3.54
0.00

72.00 58.70

1.60
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Table 4- Results of trend analysis (Mann—-Kendall) and change-point detection (Pettitt) in the Kan

watershed

Variable Time Scale Z-score P-value Sen’s Slope Breakpoint Year
Precipitation Annual 2.324 0.020 5.500 2009 (1388)

Discharge Annual -1.176 0.240 -0.011 1996 (1375)
Precipitation Spring 1.321 0.187 3.389 2015 (1394)

Discharge Spring -1.712 0.087 -0.038 1996 (1375)
Precipitation Winter 2.641 0.008 5.588 2016 (1395)

Discharge Winter 1.128 0.259 0.012 1982 (1361
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Fig. 3- Annual time series of precipitation at
Sangan station and discharge at Solgan station
(2000-2023). Blue bars represent precipitation
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Fig. 3- Annual time series of precipitation at
Sangan station and discharge at Solgan station
(2000-2023). Blue bars represent precipitation

(left axis) and the red curve represents discharge
(right axis).
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Fig. 3- Annual time series of precipitation at Sangan station and discharge at Solgan station (2000-
2023). Blue bars represent precipitation (left axis) and the red curve represents discharge (right

axis).
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Table 5- Comparison of statistical indices and rainfall-runoff sensitivity in the sub periods before
and after the change point year(y--4)
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_ _ Full Period F_irst Sub- Seg:ond Sub- Change

Metric Unit (2000-2023) period (2000- period (2009- (%)

2008) 2023)

Mean Annual Precipitation mm 54.52 633.7 +16.2
Mean Annual Discharge md/s 1.92 1.81 -5.70
Correlation Coefficient ® - 0.74 0.59 -20.20
Coefficient of Determination (R?) - 0.55 0.35 -36.30
Mean Runoff Coefficient - 0.35 0.28 -20.00
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Fig. 4- Breakpoint analysis of the annual precipitation time series using the Pettitt test. The green
dashed line marks the hydrological change-point year (2009), and the shaded regions indicate the
two distinct sub-periods.
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Table 6- Performance comparison of Random Forest and XGBoost models in daily discharge

simulation

MAE RMSE NSE R? Model
1.397 3.062 0.616 0.616 Random Forest
1.501 3.279 0.560 0.560 XGBoost

Discharge (Previous day} 0.59
Precipitation (Current day)

Precipitation (1 day prior} - 0.1
Precipitation (2 days prior) - 0.08

0.0 0.1 0.2 0.3 0.4 0.5 0.6 07

Relative Importance (XGBoost)

Fig. 5- Importance ranking of input variables in the XGBoost model based on the relative
importance index.

o S| Ll lel 9 XGBOOST S 58 (63959 (S pitin Sond! (Sisdsd ) -0 Il

@t ) (Sigdasn )8y oy sla Sy b cul asle
LS olessls

9 Uiyl yhdady g yio o gyl B)b &S ob ol mbs
2 e alligy 23 Gagtn 5 e delss et
03294y ¢Sl aladle (gLl (sl yuite ¢ ) 3550 (layeiie o
Sl > aeg BB pre by clags)l g S g, (00
dabls g2y Sile ggge cnl 3l L Jbo gy prenal
s Sllyy gusly 4 )gbas il ddg> dilols 13 (So5glg s
Wlolo (pdiy Cundg g 0350 Aty jo) lod ()l klyd 4
LS o Wyl (23 (68 UKD )3 ek S 5 (Sujglg s

sase Sl by (Sidgrsn 1By L oS oy
WSB Cagb) 038D i olaainl b 5 sl Bl SlungS
g (a9 (e )b i 9 Uy, Jlasl s 5k
oLl ¢yl ply g by Fuly 3 (Sloj (Siwnly sl co g0
sobds Llgi oo puile (£550L sl Jde jd ,laddy (sl yuxio I
Slbole Sboj sla obe bl » Juw oUls 4o JB
SHAP j5lis a5 conl [S3 4 o5V ad 390 1y Sllg,—5,b
Jao Sl s gl padls olyieas Bpo gy ol 52
Lauly olgias ool bty j| g 5143, )1,5 oolitl 550
ol o0 izl (So3d sl b g bajpite e e

BN

OB 2Ll g Jao (65 el Ul Jig S5 polateny
Pk Gl mote ) 90 S | S e
!y (Feature Importance) e e couedl Juloo wsses
Error! Reference ) . plul XGBOOSt cowie Jso
siie yp S Amd o L s ol ((SOUrce not found.
Uoi9e) Al e jd Jde €8 dgmn g s ialS 5 ojluil ax
Gl ALBl> i

L (discharge_lagl) 3 jg, (o &5 ob i @bs
ol diligy (23 Saptar 3 e (oS (e 0l SIS
oi 5 by oYL (Persistence) lul Sl asl oyl
ol adllas 3)90 45> 53 (Siglgyen dall glS
A5 a3 lud e ite Cmegd (Precipitation) coyls o)L oo
el 92 Slas39)9 & s> @y Gl orimd s oS

a0 LS e 53 (g lolize w35 ()b yloadds (sl yuxio
4 ok Jas a1 & a8 e a0l eyt ol ()NS50
315U Wl o oS Canl Sloj p3 b )l adgs ol 5> Uil
anlp g e S5a ooy (Seidisess oS
sty il (a5 (raw il 3 luley g 0pd
PB 1 Jae )14y (gl jusito g (ad Sl (slapite oS 5 o JS



solg adlse lgiedy Juo odile Bl sja cadllas pl yo
S S o6 g SISl QUL Sl oo 45T 0D s
A3k AMJJAA

o Ui porlBlyl 5 ol (sloadlie Ll whes duglio
S iy Lol Vet 8 a5 Cllgym bl oy o
i 2 o |y o] lgied 5 col Jols atos 93 ol lojen
2l Cuns (5,b

s K s ol 8 cdls g a5
Cymds Malgi Sl o ol g cosl Jro p e Ol
Jole o abd s mafitens S lgisas 15 ol pls s
Hgd (A (So5edgrden Sl )

Jebos jeblg = i)k alaly Sloj (abigy oy pslaieds
2 oogMe (s cpl j0 b oolatw] Al Ve Syie 0,5
orile xSl e 3,Skes (SewMS (o)lol (slaasls
G cé)S )15 byl 5,90 05 o, 35 (Random Forest)
a5y (Predictability Shift) i oiin o s
Fig. 6- Ten year moving window ) >ss  jasuie
analysis comparing the trends of statistical
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The simultaneous decline of both indicators after
2009 highlights reduced hydrological
Jpredictability of the watershed
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Fig. 6- Ten year moving window analysis comparing the trends of statistical correlation coefficient
(left axis) and machine learning model prediction accuracy (right axis). The simultaneous decline of

both indicators after 2009 highlights reduced hydrological predictability of the watershed.
I sy 83 9 (o 297%0) (SaloT (oKl 50 Sl o X395 Ao flL 1+ o5 e © iy oo 10 S
SRN SRR B oIS AT o 51 g (2 Lh 93 Olojoss i (ol s95%0) (lilo (5 173k
ol dog> (S 5elg0un

Coabad pis el b e 5 s pdlided slagasls
Sy ials ]y calisee Jelge maow lust] )3 24250

o H Sy dgue

sy x> L:.,.w Glaegaze 3l oolatwl 3939 L
L)Lw" R2:0616 )L\.OA ‘)53)'1 W > 9 ;o..».lﬁ 8| ‘&59]9).\.3&
Jie gy loman ailjg) (2 (gpdype iy &5 amd 00
2 b LU Giegh cpl gls oplply e e 0l syl
B35 15 ekl 3,90 Llist L illes MalS clad )8 el s

spedie clutl Cole (e ddllas (ul (Jlo e 5
g s o Laly) it LS| oo 115 o] gl 5
(S phldet il puiine (gl20dld 4y L yiwd )d Cudgdoe
(o ok 23910 3 WIS oo 5y e o it 5 Sl o
A3 138,56 135 31 Jelge

sl s Sodg)hm i) g Sloj by adllas ul >
S g3 (2 9 oL dilg) slesly al Ldos 5l eolatal b oS
Julo6 Sl dlads g L, Lg)b] d‘-‘ﬂ')?"}" s VY d)LoT 093
18 bl 3)9e yemmendls (giluse gz le g S e 0o
il 5 b 4 GiegR ool WS s s S

s &Vl oyl oS sl Lis g, g0 @l
5 (PN Jop By g,y 23 bl el jhaline iv)j8l Ko,
b oS sl ] (5ol Candg il s olinensd (s)lel i ;]
O g oAb CundT adg> )> Ollgy gl (il Gl 22
ol Bl L s 3 (LSl o)l Syt g sl Jels
a0l 3y p (raw

SIS Sl el 5 g Sy ok T
Sl g (ah 2 coSeyie YIVY) &ilig) ol (ke (e
ol (46 p o yio DAY g0 b)) adgs ;3 sdbiud zol
Slols) & @y (ow gl Gl 5 409> o5 a3
&5 St (N 5 0358 logs aiely cul ol 1405 (0)L
w2y @SS ) s gladls, e i1E Sl b
SEL oM ply 3 1y ol g 03 asg (Sojslyyn
Sl sl

Jae €y 5 (1) bl (Siuwon o5 and 0 ol s
bl 1,8 (65l gl 2 VWA Jlo & (ke o2 b (R)
Selly snsd g3 L9y (asls 93 o oo ool 51 g Lol
Sl oy ) cpdle 653k Jio 5,Sdes il Llod S
() (290 5 (U20h) 52909 O (Sed by 45 S oo b
s o g &S ol odd gt sl gla Saom jlo
0338 a0l oy ol laslge Jills b T (o5losl 5 jo Miadden
(Hydrological Decoupling) .So5els i o dus
it g Sl Jolge 4l 1 36 Vlosn] 4 canl oS adgs >
2 sldle > (b Gl (35 x5) sodldl
Al e

Sglgyen LB oS amd e U5 gk cnl slaadl
w85 ol i sl (658 1 3T Sl 3 (S ase>
ou e .l 045yt B giund ALBIS &y Cand bl Frwly g
Sl el Gl i)k daly Jlsle s lojen
Ol Sl colBld (sl oons ot Sl g Joo 3,Shes
51 ooy Vel Ollg, oauS JwS slaanlp o8 cul

2 s b Sl 208 e (SSggren o
byl yss el JUST (glo prne s A (xlaw Ll
Bl Golidy Gl U8y )3 s imed g 3985 g 03
Lk L85l

D)l S ply wi adllas ol @l (o pde Jate Sl

Candy Dbyl lp Gyl Jdov 4 Gy (S1 s
e sl (Saa (506 (Sladidgs > O s 5 Ol e
g5 dilobur aBly ,bdy 51 a8l 3,91 a4

soin il b olyan b (50ed drwgd (ipaely pod
bl el Sl S b5l (S slapadls
2y el

MR Oy Slgie plioms gladde | oslatal g
S3uadl g it A sl e oLl sl Hbpreias
235,148 edlaiiwl 3y50 (e loladl

3 o b ol BRAIER 5550 dlgiy 2oles 3
By oS sodly ‘go’l)l S8 Jame  slag



O s o5 @8l Sl
ooblio 255 4568 gt 48 155 o Pl Al ) Sty
55 gy ol @l 5 e jlisl g )5 pegal

b @le
izl g b i gl Jlo colos 455 g oy
ol 00,55 by dlds oy

Byodls 4 ow gwd

aslllae Jobo 43 ond Juloo b g 00 Ao ool 4S garo
oo ) e odiungi jl e Jgine Cunlysyd g0 53 pl
S

o9 R S Jgeol 3 S5y
wole Gigh opl Lisl g pbsl o 1) (IS Jool sdiun g

O iy 95 = 3L

S g pE
3 g Glilaie O 8 s diess)) o) Kon I st
wlogous ¢ yimo s L 3590 (sloodld 4y s yiwd g pwoli oguas

ol b b
Olyss jl aion oS 0y lis o g jlwdndd ¢ sddodnliv (oo
e 03iloly i Lol el b BB (ol S b 02>
adiane (sl o 4SSl 3939 b ] Lonlil e claadlie i
s asls | ol anled wiloads d)ly Jde 13 (554 drgs
Oy &5 B30 Ol bl (g92) Cgzyle 9 5935l toxin
e ) Vool ondaidlo gohaw (Byws 5 (2l 628
olyedr 2l @t ol (Jb ool b slodgy 350 Ul Gl
Do S Cale paitne S & g je7m0 Je bl

===
w3y > i syl mrew GBI g b (23 B K,
wo ol slp (S gl sl > il 0258 Gl
drwg glojle (Shb lajlxe > (S5l s O LB
5 bzl clagsk il s o g Jlide sladbls
i) Ol slbeyius (e5ias 45 Cogll oz )byl
sl (y906 Ol glie 42 )Ly Capte B s
92l 1) o Madgr (sl Jds I S0 e (inan
aibobo &y Sl ln 5350 )3 Sl SHAP 5 e
29l ol 8 IS 5 Jolge (s s Jilo g

@ boye praiian sloodld I odliul - »
o g Ol il lide gsla (Sl (6l Sl
sl slaJaa b jgomeodls (slnd Sag) duglie LS )3 (3%
e L] Sg0 9 Cuslabpas (EalS 4 Wy (g yma b
SUlymoi)l abuly Sl 3 Sl g (cadlil Jalse (s
S Arwss imoh opl gt (oilw 0,5 jelateds L uS SaS
sJie wliyy gloodld i Hbpsenal Nedor dilolw
il Sl (ghan Ghen phioms lagby) 5 oedle 6 53L
ey (5 429> 53 SUlo =)k slagy Ui Joow g (i
D9

References
Addor, N., & Melsen, L. A. 2019. Legacy, rather than adequacy, drives the selection of hydrological
models. Water Resources Research, 55(1), 378-390. https://doi.org/10.1029/2018WR022958

Alijani, B., & Harman, J. R. 2019. Synoptic climatology of precipitation in Iran. Annals of the Association
of American Geographers, 75(3), 404-416. https://doi.org/10.1111/j.1467-8306.1985.th00079.x

Allan, R. P., Barlow, M., Byrne, M. P., Cherchi, A., Douville, H., Fowler, H. J., Gan, T. Y., Pendergrass,
A. G., Rosenfeld, D., Swann, A. L. S., Wilcox, L. J., & Zolina, O. 2023. Advances in understanding
large-scale responses of the water cycle to climate change. Annals of the New York Academy of Sciences,
1472(1), 49-75. https://doi.org/10.1111/nyas.14337

Alshammari, M. S., Alogayell, H. M., Markovic, S. B., & Mohamed, S. A. 2023. The impact of urban
expansion on groundwater recharge and surface runoff. Environmental Earth Sciences, 82(7), 173.
https://doi.org/10.1007/s12665-023-10862-1

Arriagada, P., Karavitis, C. A., Gullotta, A., Guzman, C., Morales, B., Munoz, A., Fuster, R., & Link, O.
(2024). Explainable artificial intelligence for hydrological modeling: An evaluation of SHAP for runoff


https://doi.org/10.1029/2018WR022958
https://doi.org/10.1111/j.1467-8306.1985.tb00079.x
https://doi.org/10.1111/nyas.14337
https://doi.org/10.1007/s12665-023-10862-1

prediction. Water Resources Research, 60(1), €2023WR034806.
https://doi.org/10.1029/2023WR034806

6- Avand, M., Moradi, H., & Ramazanzadeh Lasboyee, M. 2024. Using machine learning models to predict
spatiotemporal changes in rainfall and temperature in a semi-arid region: A case study of Iran.
Environmental Earth Sciences, 83(3), 89. https://doi.org/10.1007/5s12665-023-11358-7

7- Bléschl, G., Hall, J., Viglione, A., Perdigdo, R. A. P., Parajka, J., Merz, B., Lun, D., Arheimer, B.,
Aronica, G. T., Bilibashi, A., Boha¢, M., Bonacci, O., Borga, M., Canjevac, 1., Castellarin, A., Chirico,
G. B., Claps, P., Frolova, N., Ganora, D., ... Zivkovi¢, N. 2019. Changing climate both increases and
decreases European river floods. Nature, 573(7772), 108-111. https://doi.org/10.1038/s41586-019-1495-
6

8- Fletcher, T. D., Andrieu, H., & Hamel, P. 2013. Understanding, management and modelling of urban
hydrology and its consequences for receiving waters: A state of the art. Advances in Water Resources,
51, 261-279. https://doi.org/10.1016/j.advwatres.2012.09.001

9- Gaume, E., Borga, M., Llassat, M. C., Maouche, S., Lang, M., & Diakakis, M. 2016. Mediterranean
extreme floods and flash floods. In The Mediterranean region under climate change: A scientific update
(pp. 133-144). IRD Editions. https://doi.org/10.4000/books.irdeditions.23181

10-Gimeno, L., Algarra, |., Eiras-Barca, J., Ramos, A. M., & Nieto, R. 2022. Atmospheric rivers and their
contribution to precipitation and extreme events. Frontiers in Earth Science, 10, 841646.
https://doi.org/10.3389/feart.2022.841646

11-Guo, D., Westra, S., & Maier, H. R. 2020. An inverse approach to perturb historical rainfall data for
scenario-neutral  climate  impact  studies.  Journal - of  Hydrology, 556, 877-890.
https://doi.org/10.1016/j.jhydrol.2017.03.025

12-Huang, S., Li, Y., & Chen, X. 2024. Improving the explainability of CNN-LSTM-based flood prediction
with integrating SHAP technique. Ecological Informatics, 80, 102904.
https://doi.org/10.1016/j.ecoinf.2024.102904

13-Jiang, S., Zheng, Y., & Solomatine, D. 2020. Improving Al system awareness of geoscience knowledge:
Symbiotic integration of physical approaches and deep learning. Geophysical Research Letters, 47(13),
€2020GL088229. https://doi.org/10.1029/2020GL 088229

14-Kratzert, F., Klotz, D., Brenner, C., Schulz, K., & Herrnegger, M. 2018. Rainfall-runoff modelling using
Long Short-Term Memory (LSTM) networks. Hydrology and Earth System Sciences, 22(11), 6005-6022.
https://doi.org/10.5194/hess-22-6005-2018

15-Kratzert, F., Klotz, D., Shalev, G., Klambauer, G., Hochreiter, S., & Nearing, G. 2019. Towards learning
universal, regional, and local hydrological behaviors via machine learning applied to large-sample
datasets. Hydrology and Earth System Sciences, 23(12), 5089-5110. https://doi.org/10.5194/hess-23-
5089-2019

16-Li, X., Zhao, Y., Shi, C., Sha, J., Wang, Z.-L., & Wang, Y. 2021. Application of Water Evaluation and
Planning (WEAP) model for exploring the water deficit at catchment level in Beijing. Water Resources
Management, 35(6), 2041-2055. https://doi.org/10.1007/s11269-021-02820-8

17-Liu, J., Chen, X., Zhang, J., & Flury, M. 2021. Coupling the Budyko framework and the Ponce-Shetty
model to explore the influence of climate and land surface changes on hydrological processes. Journal
of Hydrology, 603, 126905. https://doi.org/10.1016/j.jhydrol.2021.126905

18-Lundberg, S. M., & Lee, S.-1. 2017. A unified approach to interpreting model predictions. Advances in
Neural Information Processing Systems, 30, 4765-4774. https://doi.org/10.48550/arXiv.1705.07874

19-Marchi, L., Borga, M., Preciso, E., & Gaume, E. 2010. Characterisation of selected extreme flash floods
in Europe and implications for flood risk management. Journal of Hydrology, 394(1-2), 118-133.
https://doi.org/10.1016/j.jhydrol.2010.07.017



https://doi.org/10.1029/2023WR034806
https://doi.org/10.1007/s12665-023-11358-7
https://doi.org/10.1038/s41586-019-1495-6
https://doi.org/10.1038/s41586-019-1495-6
https://doi.org/10.1016/j.advwatres.2012.09.001
https://doi.org/10.4000/books.irdeditions.23181
https://doi.org/10.3389/feart.2022.841646
https://doi.org/10.1016/j.jhydrol.2017.03.025
https://doi.org/10.1016/j.ecoinf.2024.102904
https://doi.org/10.1029/2020GL088229
https://doi.org/10.5194/hess-22-6005-2018
https://doi.org/10.5194/hess-23-5089-2019
https://doi.org/10.5194/hess-23-5089-2019
https://doi.org/10.1007/s11269-021-02820-8
https://doi.org/10.1016/j.jhydrol.2021.126905
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1016/j.jhydrol.2010.07.017

20-Merz, B., Basso, S., Fischer, S., Lun, D., Blgschl, G., Merz, R., Guse, B., Viglione, A., Vorogushyn, S.,
Macdonald, E., Wietzke, L., & Schumann, A. (2022). Understanding heavy tails of flood peak
distributions. Water Resources Research, 58(6), €2021WR030506.
https://doi.org/10.1029/2021WR030506

21-Molnar, C. 2022. Interpretable machine learning: A guide for making black box models explainable (2nd
ed.). https://christophm.github.io/interpretable-ml-book/

22-Nearing, G. S., Kratzert, F., Sampson, A. K., Pelissier, C. S., Klotz, D., Frame, J. M., Prieto, C., & Gupta,
H. V. 2021. What role does hydrological science play in the age of machine learning? Water Resources
Research, 57(3), e2020WR028091. https://doi.org/10.1029/2020WR028091

23-Panikkar, U. R., Srivastav, R., & Srivastava, A. 2023. Multiscale variability of hydrological responses in
urbanizing watershed. Remote Sensing, 15(3), 796. https://doi.org/10.3390/rs15030796

24-Salas, J. D., Anderson, M. L., Papalexiou, S. M., & Frances, F. 2022. PMP and climate variability and
change: A review. Journal of  Hydrologic Engineering, 27(3), 03121001.
https://doi.org/10.1061/(ASCE)HE.1943-5584.0002134

25-Shen, C. 2018a. A transdisciplinary review of deep learning research and its relevance for water resources
scientists. Water Resources Research, 54(11), 8558-8593. https://doi.org/10.1029/2018WR022643

26-Shen, C., Laloy, E., Elshorbagy, A., Albert, A., Bales, J., Chang, F.-J., Ganguly, S., Hsu, K.-L., Kifer,
D., Fang, Z., Fang, K., Li, D., Li, X., & Tsai, W.-P. 2018b. HESS Opinions: Incubating deep-learning-
powered hydrologic science advances as a community. Hydrology and Earth System Sciences, 22(11),
5639-5656. https://doi.org/10.5194/hess-22-5639-2018

27-Slater, L. J., Anderson, B., Buechel, M., Dadson, S., Han, S., Harrigan, S., Kelder, T., Kowal, K., Lees,
T., Matthews, T., Murphy, C., & Wilby, R. L. 2021. Nonstationary weather and water extremes: A review
of methods for their detection, attribution, and management. Hydrology and Earth System Sciences,
25(7), 3897-3935. https://doi.org/10.5194/hess-25-3897-2021

28-Tahroudi, M. N., & Mirabbasi, R. 2024. Evaluating the efficiency and accuracy of the copula-based
rainfall-runoff model. Earth Science Informatics, 17(4), 3121-3136. https://doi.org/10.1007/s12145-024-

01594-y

29-Tamm, O., Saaremée, E., Rahkema, K., Jaagus, J., & Tamm, T. 2023. The intensification of short-
duration rainfall extremes due to climate change — Need for a frequent update of intensity—duration—
frequency curves. Climate Services, 30, 100349. https://doi.org/10.1016/j.cliser.2023.100349

30-Xu, X., Yang, D., Yang, H., & Lei, H. 2022. Attribution analysis based on the Budyko hypothesis for
detecting the dominant cause of runoff decline in Haihe basin. Journal of Hydrology, 510, 530-540.
https://doi.org/10.1016/j.jhydrol.2013.12.052.

31-Zhou, Q., Leng, G., Su, J., & Ren, Y. 2023. Comparison of urbanization and climate change impacts on
urban flood volumes: Importance of urban planning and drainage adaptation. Science of The Total
Environment, 658, 24-33. https://doi.org/10.1016/j.scitotenv.2018.12.184



https://doi.org/10.1029/2021WR030506
https://christophm.github.io/interpretable-ml-book/
https://doi.org/10.1029/2020WR028091
https://doi.org/10.3390/rs15030796
https://doi.org/10.1061/(ASCE)HE.1943-5584.0002134
https://doi.org/10.1029/2018WR022643
https://doi.org/10.5194/hess-22-5639-2018
https://doi.org/10.5194/hess-25-3897-2021
https://doi.org/10.1007/s12145-024-01594-y
https://doi.org/10.1007/s12145-024-01594-y
https://doi.org/10.1016/j.cliser.2023.100349
https://doi.org/10.1016/j.jhydrol.2013.12.052
https://doi.org/10.1016/j.scitotenv.2018.12.184

EXTENDED ABSTRACT

Impacts of Climate Variability and Urban Expansion on Rainfall—-
Runoff Relationship Changes in the Kan River Basin, Tehran: An
Explainable Artificial Intelligence Approach

Morteza Shokri

Assistant Professor, Department of Civil Engineering, Faculty of Engineering, Bu-Ali Sina University, Hamedan,

Iran.(M.Shokri@basu.ac.ir)

ARTICLE INFO TO CITE THIS ARTICLE:
Artlcle history:
Received:
Revised:
Accepted:
Available online:

Keywords:

Rainfall-Runoff Relationship; Urban
Development; Climate Variability;
Explainable Aurtificial Intelligence;
Kan River Watershed.

Abstract

Climate variability and rapid urban expansion are major drivers of hydrological alteration in urban basins;
however, decoupling their relative contributions to rainfall-runoff dynamics remains challenging due to
complex nonlinear interactions. This study investigates the temporal evolution of the rainfall-runoff
relationship in the Kan River basin, northern Tehran, Iran, by assessing the relative influence of climatic
variability and urban growth using an explainable artificial intelligence (XAl) framework. Daily hydrological
and meteorological observations (2000-2023) were integrated with remote sensing indices (NDVI, NDBI)
and anthropogenic metrics. Trend and non-stationarity analyses (Mann—Kendall and Pettitt tests) were
initially conducted to detect structural regime shifts. Subsequently, machine learning models (Random Forest
and XGBoost) were developed to simulate daily discharge, coupled with SHapley Additive exPlanations
(SHAP) to quantify and interpret feature importance. The results revealed significant temporal shifts in the
rainfall-runoff relationship following an identified breakpoint. The machine learning models demonstrated
high accuracy in capturing nonlinear hydrological responses. SHAP interpretability indicated that while
precipitation-related variables remained the primary drivers of discharge variability, urban expansion
indicators contributed substantially as secondary drivers, particularly during peak development periods.
Overall, the findings demonstrate the compound impacts of climate and urbanization on watershed
hydrology. The proposed explainable framework offers actionable insights for urban flood risk mitigation,
sustainable watershed planning, and climate adaptation strategies in rapidly developing metropolitan
catchments.

Introduction

Rainfall-runoff relationships in urbanizing watersheds are increasingly affected by the
combined influence of climate variability and rapid land-use transformation. In highly developed
basins, hydrological responses often deviate from long-term stationary behavior as a result of both
meteorological shifts and anthropogenic pressure (Zhou et al., 2023). The Kan River basin, located
in the northwestern part of Tehran, is a sensitive urban watershed where accelerated urban
expansion, surface sealing, and modification of local landscape conditions have potentially altered
runoff generation processes. Understanding the relative contribution of climatic and human-
induced drivers to these changes is essential for effective urban water resources planning and flood-
risk management.
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This study investigates temporal changes in the rainfall-runoff relationship in the Kan River basin
and evaluates the extent to which climate variability and urban development have contributed to
observed hydrological changes. To overcome the limitations of conventional black-box predictive
models, an explainable artificial intelligence framework was adopted to improve interpretability
and provide physically meaningful insights into model behavior (Jiang et al., 2020). The study
integrates hydrological observations, climatic data, and remotely sensed indicators of urban
development to analyze the dynamics of runoff response over time.

Methodology

Daily precipitation and discharge records were collected and preprocessed to ensure temporal
consistency and data quality. In addition, remote sensing-derived variables representing urban
expansion and land-surface conditions were incorporated to capture the anthropogenic dimension
of watershed change. The analysis began with trend and non-stationarity assessment to detect
temporal shifts in hydrometeorological behavior and identify possible change-point conditions in
the rainfall-runoff system.

Subsequently, machine learning models were developed to simulate daily discharge response
from the selected climatic, hydrological, and urban indicators. Among the tested algorithms,
Random Forest and XGBoost were used to capture nonlinear relationships and interactions among
predictors. To interpret the contribution of individual variables, SHAP (Shapley Additive
exPlanations) was applied. This approach allowed the relative importance, direction, and marginal
effect of each predictor on runoff response to be quantified in a transparent manner (Arriagada et
al., 2024). The overall framework provided both predictive capability and explanatory power,
which is particularly valuable in complex urban watersheds where multiple drivers operate
simultaneously.

Results and Discussion

The results indicate that the rainfall-runoff relationship in the Kan River basin has undergone
a significant temporal change over the study period. Statistical analyses revealed evidence of non-
stationarity and a detectable shift in hydrological behavior, suggesting that the runoff response has
become increasingly influenced by factors beyond precipitation alone (Salas et al., 2022). The
machine learning models successfully captured the nonlinear structure of the rainfall-runoff
process and demonstrated satisfactory predictive performance.

SHAP-based interpretation showed that precipitation remained the dominant driver of daily
runoff variability; however, indicators of urban development also exerted a meaningful influence.
Variables related to land-cover transformation and urban expansion contributed to changes in
runoff sensitivity, especially during periods of intensified urbanization. The findings support the
view that both climate variability and anthropogenic development have jointly shaped the observed
hydrological evolution of the basin. The explainable Al framework clarified how the magnitude
and importance of predictors changed, providing evidence that runoff dynamics in the Kan basin
must be interpreted in the context of rapid urban growth.

Conclusions

This study confirms that the Kan River basin has experienced a measurable alteration in its
rainfall-runoff relationship under the combined pressure of climate variability and urban
expansion. By integrating hydrological data, climatic observations, remote sensing indicators,
machine learning, and explainable artificial intelligence, the research provides a comprehensive
framework for understanding hydrological change in an urbanizing watershed.

The main contribution of the study lies in showing that precipitation remains the primary control
on runoff generation, but urban development has become an increasingly important secondary
driver. The use of SHAP made it possible to move beyond black-box prediction and provide a more
interpretable assessment of the factors influencing runoff change. Such evidence can support urban
flood management, watershed planning, and climate adaptation strategies in Tehran and other
rapidly expanding metropolitan basins.



Overall, the proposed framework is suitable for diagnosing hydrological non-stationarity and
for distinguishing the relative contributions of climatic and anthropogenic drivers in urban
watersheds. The findings highlight the need for integrated water resources management approaches
that consider both environmental change and urban growth in future planning.
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